Abstract. Landslide disasters are one of the main risks involved with the operation of long-distance oil and gas pipelines. Because previously established disaster risk models are too subjective, this paper presents a quantitative model for regional risk assessment through an analysis of the patterns of historical landslide disasters along oil and gas pipelines. Using the Guangyuan section of the LanzhouChengdu-Chongqing (LCC) long-distance multiproduct oil pipeline (82 km) in China as a case study, we successively carried out two independent assessments: a susceptibility assessment and a vulnerability assessment. We used an entropy weight method to establish a system for the vulnerability assessment, whereas a Levenberg-Marquardt back propagation (LM-BP) neural network model was used to conduct the susceptibility assessment. The risk assessment was carried out on the basis of two assessments. The first, the system of the vulnerability assessment, considered the pipeline position and the angle between the pipe and the landslide (pipeline laying environmental factors). We also used an interpolation theory to generate the standard sample matrix of the LM-BP neural network. Accordingly, a landslide susceptibility risk zoning map was obtained based on susceptibility and vulnerability assessment. The results show that about 70 % of the slopes were in high-susceptibility areas with a comparatively high landslide possibility and that the southern section of the oil pipeline in the study area was in danger. These results can be used as a guide for preventing and reducing regional hazards, establishing safe routes for both existing and new pipelines, and safely operating pipelines in the Guangyuan area and other segments of the LCC oil pipeline.
Introduction
By the year 2020, the total length of long-distance oil and gas pipelines is expected to exceed 160 000 km in China. This represents a major upsurge in the length of multinational long-distance oil and gas pipelines (Huo et al., 2016) . The rapid development of pipelines is associated with significant geological hazards, especially landslides, which increasingly threaten the safe operation of pipelines (Wang et al., 2012; Yun and Kang, 2014; Zheng et al., 2012) . Landslide disasters cause great harm to infrastructure and human life. Moreover, the wide impact area of landslides restricts the economic development of landslide-prone areas (Ding et al., 2016; Hong et al., 2015) . A devastating landslide can lead to casualties, property loss, environmental damage, and long-term service disruptions caused by massive oil and gas leakages (G. Zheng et al., 2012) . Generally, pipeline failure or destruction caused by landslides is much more deleterious than the landslides themselves, which makes it important to research the risk assessment of geological landslide hazards in pipeline areas (Inaudi and Glisic, 2006; Mansour et al., 2011) .
Natural disaster risk is comprised of a combination of natural and social attributes (Atta-Ur-Rahman and Shaw, 2015) . The United Nations Department of Humanitarian Af-fairs defines natural disaster risk as a product of susceptibility and vulnerability (Rafiq and Blaschke, 2012; Sari et al., 2017) . In recent years, progress in geographic information systems (GIS) and remote sensing (RS) technologies have greatly enhanced our ability to evaluate the potential risks that landslides pose to pipelines (Akgun et al., 2012; Li and Gao, 2015; Sari et al., 2017) . The disaster risk assessment model has been widely recognized and applied by experts and scholars all over the world. Landslide risk assessment can take the form of a qualitative (Wu et al., 1996) , quantitative (Ho et al., 2000) or semiquantitative assessment (Liu et al., 2015) according to actual demand. Quantitative methods and models that have been proposed for the assessment can be divided into methods of statistical analysis (Sari et al., 2017) , mathematical models (Akgun et al., 2012) and machine learning (He and Fu, 2009 ). However, most of these methods are subjective, such as expert evaluations, analytical hierarchy processes, logistic regressions and fuzzy integration methods, which could affect the accuracy and reasonableness of the evaluation (Fall et al., 2006; Sarkar and Gupta, 2005) . This shortcoming can be overcome through the artificial neural network, especially the mature back propagation (BP) neural network that is widely used in function approximation and pattern recognition (Ke and Li, 2014a; Li et al., 2013; Su and Deng, 2003) . The evaluation indicator system generally includes disaster characteristics, disaster prevention and pipeline attributes (Li, 2008 (Li, , 2010 . The fault tree analysis, fuzzy comprehensive evaluation and the grey theory are used to evaluate the failure probability of the system through indicator weight and scoring (Shi, 2011; Ye et al., 2013) . In previous studies, pipeline vulnerability evaluation indicators only considered the pipeline itself, and the relationship between the pipeline and environment was rarely examined (Feng et al., 2014; Li, 2008; Liu et al., 2015) . In this paper, the interaction between landslide hazards and the pipeline itself was considered, which improved the quantitative degree of the evaluation.
Based on the theory of the Levenberg-Marquardt back propagation (LM-BP) neural network, a standard sample matrix was developed using interpolation theory, after an analysis of the distribution characteristics of landslides that occurred in the study area was performed and a regional landslide susceptibility assessment was completed. Considering the interaction between landslide disasters and the pipeline itself, a pipeline vulnerability evaluation in the landslide area was realized using the entropy weight method. This paper establishes a risk assessment model and methods for assessing landslide geological susceptibility of oil pipelines by comprehensively utilizing GIS and RS technology, which together improves the quantitative degree of the assessment.
Study area
The study area was Guangyuan City in Sichuan province, which was further narrowed to the area from 105 • 15 to 106 • 04 E and 32 • 03 to 32 • 45 N, straddling 19 townships in five counties from south to north (Fig. 1) . The LanzhouChengdu-Chongqing (LCC) multiproduct oil pipeline is China's first long-distance pipeline. It begins in Lanzhou City and runs through Shanxi and Sichuan provinces (Hao and Liu, 2008) . Our study area covered sloped areas of this range, with 5 km on both sides of the Guangyuan section (82 km) of the oil pipeline. The pipeline within the K558-K642 pipes may be affected by the slope areas. The Guangyuan section, located in northern Sichuan, is a transitional zone from the basin area to the mountain area. It features terrain of moderate and low mountains, crisscrossed networks of ravines and a strong fluvial incision. Altitudes in this area range from 328 to 1505 m. The study area has a subtropical monsoon climate with four distinctive seasons and annual precipitation measuring about 900 to 1000 mm. Moreover, two large unstable faults (the central fault of the Longmen Mountains and Longmen Mountains' Piedmont fault zone) make the area geologically unstable and prone to frequent geological hazards (Li et al., 2012) . Guangyuan, through which the pipeline passes, has a high incidence of landslides, which have happened 300 times in the Lizhou and Chaotian districts . In this area, landslide geological hazards seriously threaten the safe operation of the LCC oil pipeline.
Data sources
Landslide susceptibility assessment, pipeline vulnerability assessment and geological hazard risk assessment of the landslide pipeline were made successively. Digital elevation model (DEM) data with 30 m accuracy were sourced from the Geospatial Data Cloud (http://www.gscloud.cn/, last access: January 2017. Precipitation data were downloaded from the dataset of annual surface observation values in China between the years 1981 and 2010, as published by the China Meteorological Administration (http://data.cma.cn/, last access: January 2017). These data were collected from 18 meteorological observatories near and within the study area and interpolated using the kriging method (at a resolution of 30 m ×30 m). Geological maps and landslide data (historical landslides) in the study area were obtained from Sichuan province's geological environmental monitoring station. RS images (GF-1, multispectral 8 m, resolution 2 m) were provided by the Sichuan Remote Sensing Center.
The location of the middle line of the pipeline was detected through the direct connection method (i.e., the transmitter's output line was directly connected to the metal pipeline) using an RD8000 underground pipeline detector. Pipeline midline coordinates were measured using total network real-time kinematic technology, and, simultaneously, the coordinates of the pipe ancillary facilities (including detective poles, mileage pegs and milestones) were acquired. Mileage data obtained through inner pipeline detection were derived from the China Petroleum Pipeline Company.
Methods

Assessment unit
Division precision and the scale of the slope unit (i.e., the basic element for a regional landslide susceptibility assessment) were in keeping with the results of the evaluation (Qiu et al., 2015) . A total of 315 slope units were divided using hydrologic analysis in ArcGIS (v. 10.4) (Fig. 2a) . The irrational unit (a slope unit with an inaccurate boundary) was artificially identified and modified by comparing GF-1 satellite remote sensing images. Boundary correction, fragment combination and fissure filling were used for modification.
This vulnerability study focuses on assessing the vulnerability of transport pipelines to landslides. Considering both previous research and the particulars of the research object, we used a comprehensive segmentation method based on GIS to divide the pipelines in our study. A total of 180 pipes were divided in the study area, of which the longest was about 1.7 km, and the shortest was only about 10 m (Fig. 2b ).
Assessment indicators
Based on selection principles of the indicator system and the formation mechanism of landslide geological hazards, as few indicators as possible were selected to reflect the degree of danger posed by the landslide as accurately as possible (Avalon Cullen et al., 2016; Jaiswal et al., 2010; Ray et al., 2007) . The internal factors in these indicators included topography, geological structure, stratigraphic lithology and surface coverage. Similarly, the external factors included mean annual precipitation (MAP) and the coefficient of the variation of annual rainfall (CVAR). The correlations between indicators were analyzed using R (v. 3.3.1), and the results show a significant correlation between MAP and CVAR (R = 0.99) and between the normalized difference water index (NDWI) and normalized differential vegetation index (NDVI) (R = 0.87). Based on correlation and standard deviation, CVAR and NDWI were eliminated from the original evaluation system for the landslide susceptibility assessment in the pipeline area (Table 1) .
Generally, the evaluation indicator of pipeline vulnerability as it relates to the relationship between a pipeline and its surrounding environment is rarely considered. The evaluation indicators in this paper were refined to include pipeline parameters and the spatial relationship between a pipeline and a landslide. The pipelines in the study area were based in mountainous areas and have been running for many years. All of these pipelines consisted of high-pressure pipes that were made of steel tubes and had a diameter of 610 mm for conveying oil. In keeping with the theory of the entropy weight method, these indicators (e.g., pressure, materials, diameter and media) were not included in the final evaluation system used to determine pipeline vulnerability.
LM-BP neural network model
A neural network is a nonlinear mathematical structure which is capable of representing complex nonlinear pro-cesses that relate the inputs and outputs of any system (Hsu et al., 1995) . With its good performance in nonlinear statistical modeling, it is very useful in exploring the hidden relationships between the inputs and the outputs (Wu and Wang, 2016) . A BP neural network with many adjustable parameters has a powerful parallel processing mechanism, high flexibility and can incorporate uncertainty information well. The mechanism of landslide evaluation is complex with many uncertainties and incomplete information (Jie et al., 2015) . The BP neural network model can calculate the intrinsic rules from the vast amount of complex and fuzzy data in the changing environment and make corresponding inferences. The information about landslides reflected by the data used in the process of susceptibility assessment is mostly qualitative rather than quantitative. Through the analysis of this fuzzy information, accurate assessment results can be obtained. Landslide susceptibility assessment is essentially a study of pattern recognition (Feng et al., 2017) . The BP neural network can approximate arbitrary continuous function with arbitrary precision, so it is widely used in nonlinear modeling, pattern recognition and pattern classification (Xiong et al., 2010) . Because the BP neural network model is widely used, there are many successful cases as a reference for the number of neurons in each layer, the parameters of network learning and the optimization of algorithms, which can effectively improve the reliability and accuracy of the model (Ke and Li, 2014b) . The LM algorithm, also known as the damped leastsquares method, has the advantage of local fast convergence. Its strong global searching ability contributes to the strong extrapolation ability of the trained network. The LM algorithm is a combination of the gradient descent method and Gauss-Newton method. Its iteration process is no longer along a single negative gradient direction, which greatly improves the convergence speed and generalization ability of the network . The BP neural network model, optimized by the LM algorithm, was used to evaluate the regional landslide susceptibility in this study. MATLAB 2014 with the trainlm training function was used to implement the LM-BP neural network. The flowchart of LM-BP neural network algorithm is shown in Fig. 3 .
Data from 106 landslide disasters were collected near the research area. Of these landslides, 23 were within the region of the study area. Most of the landslides located outside the study area were less than 20 km away from the pipeline. Due to comparable environmental conditions, these landslides could still help us identify the relationship between landslides and environment factors. In light of the frequency distribution of each evaluation indicator (Fig. 4) , the landslide susceptibility grade corresponding to each interval of the indicators was divided, and then the susceptibility degree monotonicity in each interval was decided. For this study, the landslide susceptibility grade was divided into four levels: low (I), medium (II), high (III) and extremely high (IV). Based on previous research experience and field investiga- tions (Appendix H), the monotonous intervals of different indicators of susceptibility degrees were judged (Appendix A). For instance, there were hardly any landslides, only collapses that occurred in slopes above 60 • . Besides, the susceptibility degree in the area was monotone decreasing in the slope interval of 60 to 90 • . Because of the very small sliding force in slopes at 0 to 15 • , landslides were rare to occur here, even under other extreme conditions (Zhang et al., 2015) . On the basis of the classification criteria of the evaluation indicators used to predict landslide susceptibility degree and the functional relationship between the evaluation indicators and landslide probabilities, standard samples (training samples and test samples) were built using a specific mathematical method. When establishing the empty matrix, the sample size of each landslide susceptibility level was set to 200, and the training sample size was 800. According to the order of susceptibility from low to high (Appendix A), the input was constructed by interpolating for each interval. The interval of the susceptibility degree is [0, 1] , and the output is obtained by interpolating 800 values equidistantly between the interval of [0, 1] (Appendix B). Using interpolation theory to build samples avoided the excess human influence in the process of building a neural network model by traditional methods. The training samples and test samples were evaluated using similar construction methods but with different sample sizes. Finally, the indicator data were normalized, they were entered into the LM-BP neural network for simulation and 315 slope unit landslide susceptibility values were output. 
Vulnerability assessment model for pipelines
The vulnerability evaluation model of pipelines in the landslide area was established using the entropy weight method, which overcame the shortcomings of the traditional weight method that does not consider the different evaluation indicators and the excessive human influence on the process of evaluation (Gao et al., 2017; Pal, 2014) . Entropy is a method of measuring the uncertainty of information by using probability theory . The entropy indicates the extent of difference in an indicator: the more different the data, the greater the role in evaluation (Jia et al., 2007) . The extremum difference method difference method was used to normalize each indicator value. The decision information of each index can be expressed by entropy value e i :
where n is the number of evaluation objects, and r ij represents the ith evaluation indicator values of j th pipe sections. H j is the evaluation value of the pipeline section's vulnerability; w i is the weight of the evaluation indicator. Pipeline defect density was obtained from the pipeline internal inspection data, which consisted of both mileage data that needed to be converted into three-dimensional coordinate data and pipeline centerline coordinate data obtained through C# programming. In addition, the main slide direction of the landslide was replaced by the slope direction that was extracted by the DEM. The coordinate azimuth of the pipe section was extracted using the linear vector data of each pipe section, and the angle between the pipeline and the slope was calculated using the mathematical method. The calculation process was solved in the Visual Basic language on ArcGIS using second development functions. Finally, the entropy weight of 5 indicators was calculated by programming in MATLAB 2014. The entropy weight calculation results for pipeline landslide vulnerability assessment are shown in Table 2 .
Results and comparison
Regional landslide susceptibility assessment
The LM-BP neural network was trained and the network was stopped after 182 iterations. An RMSE value of 9.93 × 10 −9 indicated that the goal of precision had been reached. Through the simulation of the network test, none of the absolute error values of test data (20 groups) were found to be greater than 0.02; this result aligned with our expectation of the precision of the landslide susceptibility assessment. The landslide susceptibility grade was divided into four levels by Figure 5 . Landslide hazard map of study area.
using the equal interval method at intervals of 0.25. The safe (low-susceptibility) section was located in the central part of the study area. The dangerous (high-susceptibility) section was located north and south (Fig. 5 ). In the study area, most of the exposed rock was dominated by shale, which belongs to the easy-slip rock group. Average altitude ranged from 450 to 1400 m, and the relative height difference was greater than 80 m, with the slope between 15 and 35 • . Based on an overlay analysis of historic landslides within the study area, and susceptibility zonation maps, we surmised that the probability of landslides in the study area was extremely high, and that 87 % of the landslides occurred in the medium-, high-, and extremely high-susceptibility areas. Among these landslides, three were located in low-susceptibility areas, which accounted for 13 % of the landslide disaster sites, five occurred in medium-susceptibility areas (accounting for 21.7 % of disaster sites), seven occurred in high-susceptibility areas (accounting for 30.4 % of sites) and eight occurred in extremely high-susceptibility areas (accounting for 34.8 % of sites). The evaluation results were found to accurately reflect the trends and rules of distribution of landslides in the study area. The number and area of slopes in high-susceptibility and ex- tremely high-susceptibility areas accounted for about 70 % of the total (Table 3 ). The probability of landslide occurrence in the study area was generally high, which was consistent with the fact that the region was landslide-prone.
Vulnerability assessment for oil pipeline in landslide area
The equal interval of 0.25 was used to divide the pipeline vulnerability level into four grades to obtain the pipeline vulnerability zonation of the study area (Fig. 6 ). The pipeline in the northern part of the study area was given a low vulnerability grade, while the situation in the south of the region is more serious. The number, length and percentage of pipeline segments with different grade vulnerabilities are shown in Table 4 . The number and length of pipeline segments in highly vulnerable areas (III) and extremely vulnerable areas (IV) accounted for about 12 % of the total.
Risk assessment for oil pipeline in landslide area
According to natural disaster risk expressions released by the UN, the definition of risk may be expressed as the product of landslide susceptibility in a pipeline area and pipeline vulnerabilities in the landslide area. Scientific analysis and expression of disaster risk assessment results can simplify com- Figure 6 . Pipeline vulnerability map of study area.
plex risk assessments and accelerate findings (Ding and Tian, 2013) . There is no unified criterion for disaster evaluation zoning, and the equal interval method is one of the methods to express the results more intuitively (Hu et al., 2011; Jin and Meng, 2011; Wang et al., 2011) . The susceptibility and vulnerability degrees were distinguished using the equal interval method, and four risk grades were then automatically generated. Where the comprehensive risk assessment value was within 0 to 0.0625, the corresponding risk grade was Grade I; the corresponding risk grades with the values of 0.0625 to 0.25, 0.25 to 0.5625 and 0.5625 to 1.0 were Grade II, III and IV, respectively. The risk grade of each section of the pipeline within the research area is shown in Fig. 7 . The number of sections with a high-risk grade was 33, which accounted for 18.33 % of all pipeline sections and represented 16.57 % of the total pipeline length of 13 461 km. There were four sections with extremely high-risk grade, which accounted for 2.22 % of all sections and represented 3.31 % of the total pipeline length of 2.538 km. The section number and the length of the pipelines lying in high-risk (III) and extremely high-risk (IV) areas accounted for 20 % of the total pipeline length, and the risk grade of pipelines inside Qingchuan and Jian'ge County was relatively high.
Analysis of risk assessment results
Large or huge landslides were common in areas that we categorized as extremely high risk, which we defined as those that were geologically evolving or had experienced obvious deformations within the last 2 years with cracks that are still visible. These pipelines were subject to dangers at any time, as the pipelines within the areas prone to landslides were found to contain many defects or extensive damage. These areas also posed considerable threats; for example, pipeline ruptures or breaks could lead to leakages or serious deformations that cause transportation failure. Because these are unacceptable events, risk prevention and control measures must be taken as soon as possible. Pipelines with extremely high risk were mainly distributed in the following areas: (1) Xiasi village in Xiasi County (pipe no. K628-K630) and (2) Shiweng village-Maliu village of Xiasi County (pipe no. K635-K637). This section lay in the south of the research area, with an altitude of 500 to 750 m. Here, the slope conditions affected the distribution of groundwater pore pressure and the physical and mechanical characteristics of the rock and soil in three areas: vegetation cover, evaporation and slope erosion. Ultimately, these three factors affected slope stability (Luo and Tan, 2011) . Vertical and horizontal ravines were also seen in this section, with a relative height difference greater than 100 m and slopes between 15 to 35 • . Slope degrees with obvious changes had a great influence on slope stability (Chang and Kim, 2004; Hu et al., 2015) . The exposed rocks in this area were mainly shale and belonged to the sliding-prone rock group. Rock type and interlayer structure were found to be important internal indicators that a landslide could occur (Guzzetti et al., 1996; Xiang et al., 2010; Xin et al., 2009) . The distance between the fault and the pipeline in the section was about 2 km with a NDVI of about 0.75 and MAP of about 970 mm. Faulted zones and nearby rock and earth masses that were destroyed in a geologic event reduced the integrity of a slope, and the faults and important groundwater channels could also cause deformation and damage to a slope (Liu, 2009) . The pipelines in these areas exhibited many defects. Most pipelines passed through the slope in an inclined or horizontal way, an attribute that typically increased the risk of a landslide occurring.
In high-risk areas, small or moderate landslides commonly occurred in areas that we have categorized as high risk. They were in the process of deformation, or had obvious deformation recently (within 2 years), such as cracks, subsidence, or tympanites on the landslide, and, in some cases, even shear. The pipelines in these areas had defects and were buried at a shallow depth. If a landslide occurred in this pipeline area, it could cause pipe suspension, floating and damage. It could also contribute to a small to moderate leakage of the multiple petroleum products, such as gasoline, diesel and kerosene. However, damaged pipes can be welded or repaired. Monitoring is critical in high-risk areas. In our study, the pipeline high-risk area was defined as the following areas: (1) Xiasi town-Xiasi village-Shiweng village (pipe no. K622-K633) and (2) Xiasi town-Maliu village-Jinzishan Xiangdasang village (pipe no. K635-K642). This area was located south of the pipe, which was buried in the study area. The altitude of the study area was between 450 and 800 m, the relative elevation difference was over 100 m and the slope was between 15 and 40 • . Most of the outcrops in this area were quartz sandstone, which belongs to the easy-sliding rock group. The pipes in this area were about 2.5 km away from faults. The NDVI was about 0.6 to 0.8, and MAP was about 970 nm. Pipes showed many defects, most of them either crossing the slope or lying in the center of slope. All of the above factors provided sufficient conditions for the formation of landslide.
In the medium-risk areas, only small landslides were found to occur, and we observed no sign of deformation. But through the analysis of geological structure, topography and landform, we found the area to demonstrate a tendency for developing landslides. The pipes in this risk area exhibited almost no faults and were buried deep beneath the ground. However, under bad conditions, the landslides in these areas could also affect the pipes' safety, causing the pipes to become exposed or deformed. These areas need simple monitoring. For our study, medium-risk areas were defined as follows: (1) In the low-risk areas, landslides did not occur under ordinary conditions, but they could occur if a strong earthquake hit or if the area experienced continuous or heavy rain. The pipes in low-risk areas showed no defects and were buried very deep. They were also located far away from areas affected by landslides. Therefore, landslides in these areas caused no obvious damage to the pipes and few threatened the safety of pipes. However, regular inspection is necessary to ensure that the pipes continue to operate safely. The low-risk areas were defined as follows: (1) Panlong town-Dongsheng village-Qinlao village (pipe no. K591-K597) and (2) Baolun town-Xiaojia village-Baolun townLaolin'gou village (pipe no. K599-K608). Through comprehensive analysis of each risk level area, we compiled a list of pipeline landslide risks (Table 6 ). This list describes each landslide risk level in four respects: pipeline risk, landslide susceptibility, pipeline vulnerability and risk control measures.
The main purpose of this study was to provide managers and planners a comprehensive assessment of landslide risk in areas containing pipelines. The results offer information on the possibility of failure of slopes. The landslide susceptibility maps could help planners reorganize and plan future pipeline construction. Pipeline vulnerability maps could assist engineers in pipeline maintenance operations. Based on this final risk map, managers and engineers can then make decisions and formulate prescriptions that will have highly predictable results for safely transporting petroleum products, relocating settlements and significantly reducing the risk of any adverse effects.
Future research could explore detailed comparison of different methods and recommend one or more optimal approaches. Moreover, This study shows that landslide risk assessments can be performed with a minimal number of relatively easy to obtain datasets. We advocate establishing a database with assessment parameters similar to the one described by this study to construct dynamic landslide risk assessment models.
Conclusions
The faults inherent to traditional landslide risk assessments include excessive human influence, failure of pipeline vulnerability assessments to consider the interaction between landslide disaster and pipeline ontology, and the low quantification degree of risk assessment results.
Taking the Guangyuan section (82 km) of the LCC oil and gas pipeline as an example, we used GIS and RS technology to establish a regional landslide susceptibility assessment model based on the LM-BP neural network. We determined that there were 112 and 108 slopes in high-susceptibility and extremely high-susceptibility areas that accounted for The pipeline has defects and is buried shallowly. Once landslides occur in the pipeline area, pipe safety will be threatened.
The safety of pipeline will be threatened and may suffer from pipe suspension, floating and damage, etc. Therefore, it will contribute to a small amount of petroleum product leakage. Fortunately, the pipe can be welded or repaired.
Intensive monitoring Extremely high (IV)
Large (volume between 1 million and 10 million m 3 ) or huge (volume greater than 10 million m 3 ) landslides are common in the areas with extremely high risk, which are changing or have experienced obvious deformation recently with visible cracks.
The pipelines are subject to dangers at any time as the pipelines within the area prone to landslides have been observed as having many defects or a lot of damage.
There are extreme dangers, for example pipeline rupture or break, and these may lead to considerable leakage of multiple petroleum products or serious deformation and even interruption of oil and gas transportation.
Prevention and control measures should be taken as soon as possible.
33.18 % and 40.46 % of the total area of the study area, respectively. Then, we established the model of pipeline vulnerability evaluation based on the entropy weight method by combining the pipeline body and the environmental information. The number and length of pipe segments in the highly vulnerable (III) and extremely vulnerable areas (IV) accounted for about 12 % of the total. Finally, based on the susceptibility assessment and the vulnerability assessment, we completed the risk assessment and risk division of the oil pipeline, thus forming a geological disaster risk assessment model and a method for oil pipeline and landslide risk assessment. The risk assessment results demonstrated that the number and length of high-susceptibility and extremely highsusceptibility pipeline segments represented 20 % of the total. Similarly, the pipeline risk within Qingchuan and Jian'ge counties was relatively high. Our pipeline landslide risk assessment has laid a foundation for the future study of pipeline safety management and pipeline failure consequence loss assessment. Figure H3 . Outcropping of rock strata in the study area.
